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Abstract: Interdisciplinary research has become increasingly prevalent in academia, yet it faces numerous 
challenges, including barriers related to disciplinary boundaries, academic norms, and authorship practices. This 
study explores authorship dynamics across diverse research topics to better understand how scholars contribute to 
interdisciplinary endeavors. Using data from PLOS Publishers and ScienceDirect comprising over 750,000 
publications and 2 million authors, we examine patterns of authorship and contribution across different research 
topics. Our analysis reveals consistent usage patterns of Contributor Roles Taxonomy (CRediT) categories across 
various research topics, indicating a degree of uniformity in author contributions. Through K-means clustering, 
our analysis identifies four distinct author clusters: "Sergeants," "Soldiers," "Generals," and "Field Commanders." 
Each cluster represents unique patterns of publication output, topic involvement, and CRediT category usage. 
These findings offer insights into the complexities of interdisciplinary collaboration, providing valuable 
knowledge for improving collaboration strategies and advancing interdisciplinary research initiatives. 
Keywords: Interdisciplinary research, Authorship, Contributorship, Research collaboration. 
 
1. Introduction 
Today, interdisciplinary research is seen as innovative and progressive (Bruns, 2013). Scholars 
are increasingly transcending traditional disciplinary boundaries, engaging in collaboration 
across multiple subject areas. Despite growing interest in interdisciplinary research, various 
barriers hinder its full realization, such as disciplinary boundaries, academic norms, 
institutional structures, and funding mechanisms (Siedlok & Hibbert, 2014). And authors tend 
to collaborate primarily within their own discipline (Feng & Kirkley, 2020). Diverse 
disciplinary traditions shape varying norms, modes of sharing, collaboration, and interaction in 
research practices (Siedlok & Hibbert, 2014). These differences influence the willingness to 
cultivate skills for interdisciplinary collaboration, often differing from those requisites as a lone 
researcher or within a narrow disciplinary team (Jeffrey, 2003). Furthermore, differences in 
disciplinary traditions often lead to tensions and mistrust among members of interdisciplinary 
research teams, particularly regarding authorship attribution (Knight & Pettigrew, 2007). 
Misunderstandings and disputes over authorship are common, but can disrupt knowledge 
sharing and collaboration, blur research accountability, and result in erroneous attributions 
(Smith & Master, 2017). This highlights the need for a nuanced understanding of research 
contributions across diverse domains, and the crucial role in delineating individual 
contributions and developing interdisplinary collaboration. Authors contribute expertise, 
insights, and methodologies across multiple subject areas. Understanding authorship patterns 
across disciplines is vital for grasping interdisciplinary collaboration dynamics and assessing 
interdisciplinary research impact. 
 
Based on these considerations, this study aims to investigate authorship across diverse research 
topics, emphasizing how different disciplines collaborate and how authors contribute to 
interdisciplinary research. We seek to understand authors' roles in interdisciplinary research to 
improve collaboration strategies in academia. 



 
Central to our investigation are the following research questions: 
(1) Whether there are differences in common contributor roles and division of labour across 
different disciplines. 
(2) Whether authors demonstrate variations in their contributor roles when participating in 
research across different disciplines. 
 
The introduction of author contribution lists in scholarly publishing allows researchers to list 
all study elements and contributors. Through a standardized "taxonomy," manuscript 
submission software can make it easy for researchers to assign contributor roles in a structured 
format during the paper development and publication (Allen et al., 2014). This approach 
enhances collaboration by clarifying expertise of each contributor (Singh Chawla, 2015). 
Subsequently, scientometric community used contribution information in contributorship and 
authorship analysis (Larivière et al., 2016; Lu et al., 2022; Walsh et al., 2019), credit allocation 
and author ranking (Rahman et al., 2017; Ding et al., 2021; Yang et al., 2022), researcher skills 
analysis and evaluation (Kong et al., 2019; Xiao et al., 2024). Thus, this study uses contribution 
information to analyse contributor roles and division of labour in interdisciplinary research. 
 
2. Methods 
 
2.1. Data Collection and Preprocessing 
Data for this study were obtained from two primary sources: publications published by the 
PLOS Publishers between 2018 and 2023 and publications with structured author contributions 
from a copy of Elsevier's data provided by the International Centre for the Study of Research 
(ICSR) Lab. PLOS facilitated their dataset in December 2023, covering 97,819 publications 
from 2018 to 2023, all with author contribution information. The ICSR Lab dataset, collected 
from a Scopus snapshot on October 3, 2023, included 659,579 publications with structured 
author contributions from 2017 to 2024, along with SciVal Topics of Prominence1 for each 
publication. 
 
The data processing workflow and remaining data at each step are detailed in Figure 1 as 
follows: 
(1) PLOS data were matched with corresponding records from the Scopus database using their 
DOIs. Topic information was retrieved at the publication level. Scopus Author Identifiers were 
then matched based on names, affiliations, and publications. This resulted in 94,637 
publications involving 473,044 authors and 629,089 publication-author combinations. 
(2) Regarding the structured author contributions data from ScienceDirect, topic information 
was also obtained at the publication level. This yielded 659,306 publications involving 
1,914,291 authors and 3,592,875 publication-author pairs. 
(3) The two datasets were merged, and data cleaning procedures were conducted. Elements of 
author contributions not in the 14 CRediT categories were removed. Publication-author 
combinations with missing contribution information were excluded. The final dataset 
comprised 753,937 publications involving 2,287,685 authors and 4,221,306 publication-author 
pairs. 
 
It is important to note that the data cleaning process was conducted at the publication-author 
pair level, so not all authors for the 753,937 publications are included in the final dataset. 
 

 
1 https://www.elsevier.com/products/scival/overview/topic-prominence 

https://www.elsevier.com/products/scival/overview/topic-prominence


Figure 1. Data processing workflow 

 
 

Table 1. The fields of the data used in this study 
 
Field Description Data Example 
Eid Scopus publication ID. 85077340825 
doi Publication’s DOI. 10.1371/journal.pone.0226925 
Year Publication year as used by Scopus 

and metrics. 
2019 

auid Author ID in ICSR Lab data. 57191161224 
CRediT Author's contributor role in the 

publication. 
["Writing – review & editing", 
"Validation", "Supervision", 
"Resources", "Methodology", 
"Formal analysis"] 

TopicClusterId Topic cluster ID (each publication 
belongs to one and only one cluster) 

595 

 
The final dataset contains publication, author, author contributions according to the CRediT 
standard, and topic information for each publication. Specifically, the fields in the dataset are 
outlined in Table 1. 



 
Elsevier utilizes a vast citation network of millions of Scopus-indexed publications to establish 
approximately 96,000 Topics, defined by strong internal and weak external citation links. 
Employing direct citation analysis, these Topics are then grouped into 1,500 Topic Clusters, 
formed when citation link strength between Topics exceeds a threshold. The final dataset used 
in this study involved 1471 different topic clusters. 
 
2.2. Analysis Methods 
 
Statistical Analysis 
Statistical tests were conducted to examine significant differences in the distribution of usage 
proportions of CRediT categories across different topic clusters. By calculating the number of 
publications contained within each topic cluster and the frequency of usage of each contributor 
role within the cluster (i.e., the number of publications within the cluster that contain each 
contributor role), the proportion of usage of each contributor role within each cluster was 
obtained. The null hypothesis stated no significant differences in these proportions.  
 
Three tests were employed based on data characteristics: 
(1) Friedman Test (Friedman, 1940): To assess differences in the medians of multiple related 
samples. 
(2) Welch's t-test (Welch, 1947): To examine differences in the means of the samples. 
(3) Kruskal-Wallis Test (Kruskal & Wallis, 1952): To compare differences in medians among 
multiple groups. 
 
K-means Clustering 
Our analysis focuses on evaluating authors' contribution patterns across different topics. To 
ensure the robustness of our analysis, we excluded authors contributing to only one publication, 
comprising approximately 67.4% of the dataset. After this exclusion, our dataset comprised 
744,915 authors contributing to 2,678,536 publication-author pairs. We examined the 
distribution of remaining authors' publications across different topic clusters, quantifying the 
number of distinct topic clusters in which authors published. Notably, 204,479 authors 
(approximately 27.4%) exclusively published within a single topic cluster. Moreover, the 
author with the highest number of publications across topic clusters contributed to 41 distinct 
clusters. 
 
We group authors with two or more publications using the K-means clustering method based 
on four attributes: 
(1) The number of topic clusters in which the author has participated, indicating the breadth of 
the author's research interests and contributions across various topic areas. 
(2) The total number of publications authored by the individual, providing an overview of the 
author's overall scholarly output. 
(3) The total count of different CRediT categories used by the author, representing the diversity 
of roles undertaken by the author across all their publications. This value should be greater than 
or equal to 1 and less than or equal to 14, as per the CRediT taxonomy. 
(4) The average number of CRediT categories used by the author within a single topic cluster, 
indicating the depth of the author's involvement and contribution within specific research topics. 
 
The Elbow Method was applied, with additional consideration given to Silhouette Score and 
Calinski-Harabasz index for finding the most optimal clustering. 
 



3. Results & Discussion 
 
3.1. CRediT category usage across topics 
This study aims to analyse differences in CRediT category usage across various topic clusters. 
Results of statistical tests are shown in Table 2.  P-values from all tests are relatively large, with 
Friedman and Kruskal-Wallis tests yielding a P-value of 1. Thus, the null hypothesis is not 
rejected, indicating no significant differences in the usage proportion of CRediT category 
distribution across topic clusters. In other words, while specific usage proportions may vary, 
overall distribution remains consistent. 
 
Figure 2 illustrates the usage patterns of various contributor roles. Box plots and violin plots 
depict the distribution of each contributor role's usage within individual topic clusters. Overall, 
"Writing – original draft," "Conceptualization," and "Writing – review & editing" are the most 
frequently utilized roles. Following closely are "Methodology," "Supervision," "Investigation," 
and "Formal analysis." Conversely, "Data curation," "Validation," "Funding acquisition," 
"Visualization," "Project administration," "Resources," and "Software" are less commonly 
used. This distribution pattern is generally consistent across individual topic clusters as well. 
 

Table 2. The results of the tests 
 

Test Method Test Statistic p-value 
Friedman test 1216.967 1.000 
Welch's t-test 1.036 0.310 
Kruskal-Wallis Test 1209.514 1.000 

 
Figure 2. The usage of various contributor roles across different topic clusters 

 
 



3.2. Difference of CRediT category usage across topics among author clusters 
In this study, we analysed the value distribution of four clustering attributes for authors with 
two or more publications: the number of topic clusters, publication count, total CRediT usage, 
and average CRediT usage per topic cluster (see Figure 3). Our findings reveal that the majority 
of authors possess a limited number of publications, focusing their contributions on a select few 
topic clusters. Additionally, for most authors, average CRediT usage per topic cluster is lower 
than the total CRediT usage, indicating that authors are involved in different CRediT categories 
across different topic clusters. 
 

Figure 3. Distribution of clustering attributes for authors with two or more publications 

 
 
We use K-means clustering method to group authors with two or more publications based on 
the previous four attributes. To determine the optimal number of clusters we applied an elbow 
method. Within-Cluster Sum of Squares (WCSS), indicating cluster compactness, is plotted 
against different cluster numbers (K) (see Figure 4). The elbow point on the graph indicates the 
optimal K value, representing the point from which adding more clusters no longer significantly 
reduces WCSS. In our dataset, the elbow point may correspond to 3, 4, or 5 clusters. 
Furthermore, we computed the Silhouette Score and Calinski-Harabasz index (see Table 3.). 
Both indices peak at a cluster number of 4, indicating optimal clustering. The amount of data 
for each cluster is shown in Figure 5 and the box plot of normalized attribute data across clusters 
can be seen in Figure 6. 
 
After clustering analysis, four distinct author clusters were identified based on publication and 
contribution patterns: 
 
Cluster 1: "Sergeants" - Although numerous (250,085, comprising 33% of the dataset), their 
involvement in topic clusters and total publications are relatively low. They employ a variety 
of CRediT categories across publications, but the average usage within individual topic clusters 
is comparatively low. This suggests that while this group is sizable, their depth of engagement 
in research is modest. They contribute to various tasks of research, indicating a tendency to 
assume multiple roles but possibly lower professionalism. Authors in this cluster are similar to 
sergeants who are less involved in the overall battlefield, but contribute to the various tasks 
within the unit. 



 
Cluster 2: "Soldiers" - Cluster 2 represents the most extensive group in the dataset, comprising 
414,111 authors, accounting for 56% of the dataset. Authors in this group have publications in 
fewer topics with low overall productivity. They exhibit involvement in  limited CRediT 
categories. And the difference between the total usage of CRediT and average CRediT usage 
per topic compared to Cluster 1 is minimal. This indicates their focus on specific tasks, 
contributing to fewer categories. They may contribute significantly within narrow research 
scopes or tasks, yet their overall research output remains relatively low, akin to soldiers tasked 
with individual missions. 
 
Cluster 3: "Generals" - Authors in this group have publications across multiple topics with 
relatively high overall and per-topic publication rates. They employ numerous CRediT 
categories across publications. Although they constitute the smallest proportion of the dataset 
(6,495, 1%), they exhibit high productivity and contribution. This suggests broad engagement 
and high productivity across various fields, possibly indicating leadership or expertise in 
multiple domains, leading teams or projects, and making significant contributions in academics, 
similar to generals who oversee strategic operations. 
 
Cluster 4: "Field Commanders" - Authors in this group have publications in multiple topics 
with moderate involvement. They represent a small portion of the dataset (74,224, 10%), with 
moderate overall and per-topic publication rates. They use various CRediT categories across 
publications, with relatively high average usage CRediT per topics. This indicates moderate 
contribution across multiple topics or research tasks. They may prefer broad engagement across 
fields rather than specialized focus, possibly serving as popular collaborators providing 
balanced contributions and expertise across different areas in academia, akin to field 
commanders who focus on specific areas of operation. 
 

Figure 4. Within-Cluster Sum of Squares (WCSS) vs. Number of Clusters (K) 

 
 

Table 3. Silhouette Score and Calinski-Harabasz index 
 

Number of clusters Silhouette Score Calinski-Harabasz index 
3 0.5732 0.5732 
4 0.6014 0.6014 
5 0.5197 0.5197 

 



Figure 5. The amount of data for each cluster 

 
 

Figure 6. Distribution and mean value of attributes across different author clusters 

 
 
This study further compared CRediT category usage across different topic clusters among 
authors. We calculated authors' average CRediT category usage within topic clusters and 
compared it with their total CRediT category count. A larger difference may indicate varied 
category combinations across topics, while a smaller difference suggests consistent category 
usage across topics (see Figure 7). We excluded 204,479 authors who published in only one 
topic cluster, as meaningful comparison was not possible. Among the remaining 540,436 
authors, Cluster 1 comprises 162,090 authors (30%), Cluster 2 contains 299,546 authors (56%), 
Cluster 3 includes 6,423 authors (1%), and Cluster 4 encompasses 72,377 authors (13%). 
 
For most authors, the gap between the total CRediT category usage and average usage per topic 
is generally small, typically within 4 (as depicted in the "All data" violin plot in Figure 7). 
Cluster 3 and Cluster 4 show larger differences, whereas Cluster 1 indicates smaller differences. 
Cluster 2 exhibits the smallest difference, suggesting authors in Cluster 2 are less inclined to 
undertake varied tasks/roles across topics, consistent with clustering attribute distribution. 



 
Cluster 1 and Cluster 2, representing the majority of authors, exhibit minimal variance between 
total and average CRediT usage, suggesting similar tasks across diverse topics. Cluster 2 
authors, typical of most scholars, have lower publication output and undertake limited tasks. In 
contrast, Clusters 3 and 4 show larger differences in CRediT category usage, indicating diverse 
roles across topics. Despite having fewest authors, Cluster 3 displays high output and engages 
in a broad range of topics, indicating extensive interdisciplinary involvement. Additionally, 
distinct role differences exist across topics within this author cluster, with authors displaying 
pronounced variations in roles across topics. They participate significantly in interdisciplinary 
research, showcasing substantial diversity in roles and tasks across topics. 
 

Figure 7. CRediT Category Count Difference Distribution 

 
 
4. Conclusion 
This study examines authors' contributorship across various research topics using data from 
PLOS Publishers and ICSR Lab, analysing a dataset comprising over 750,000 publications and 
2 million authors. Our analysis reveals several notable findings. Firstly, while the specific usage 
proportion of the CRediT category varies across topic clusters, statistical tests show no 
significant differences in distribution. This suggests consistent CRediT category usage patterns 
across diverse topics. Secondly, using K-means clustering, we identify four author clusters 
based on publication and contribution patterns. Our analysis identifies four distinct author 
clusters: "Sergeants," "Soldiers," "Generals," and "Field Commanders." Each cluster represents 
unique patterns of publication output, topic involvement, and CRediT category usage. These 
findings underscore the diverse roles and engagement levels of authors across different research 
topics. 
 
In summary, our findings highlight the complex nature of scholarly contributions across varied 
research fields. These insights are pivotal for fostering enhanced collaboration, refining author 
roles, and advancing interdisciplinary research. However, our study only provides an initial 
exploration, focusing on differences in authorship patterns across research topics without 
analysing variations among author types. Future research will explore specific contributor roles 
and tasks, such as conceptual work, practical tasks, and resource acquisition, to offer a more 
comprehensive analysis of labour division and skill utilization in interdisciplinary research. 
 



Open science practices 
In reflection on the use of open science practices within our research, it's important to note that 
our dataset comprises two distinct components: publications published by PLOS Publishers and 
publications obtained from a copy of Elsevier's data provided by ICSR Lab. The data from 
PLOS Publishers is OA data, retrievable directly from the HTML files on the PLOS website. 
However, the data from Elsevier, provided by ICSR Lab, is not openly accessible. Firstly, the 
metadata originates from Elsevier, which is proprietary. Secondly, the data has been structured 
by ICSR Lab, involving data curation efforts. The rationale behind incorporating non-public 
data lies in our research's aim to derive generalized conclusions from a substantial and 
representative dataset. Thus, the inclusion of non-public data was necessary to ensure an 
adequate volume and diversity of data for robust analysis. 
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